INTRODUCTION
Naturalistic driving studies monitor participants as they operate their vehicles under everyday conditions. Study participants with impairments may, if they are aware of their impairments, modify their behavior by minimizing driving in high-risk situations. Thus, it is necessary to provide context when analyzing naturalistic driving data, to distinguish "exposure/strategy" (i.e., how often drivers put themselves in certain driving environments) from "safety/performance" (i.e., how the drivers actually operate their vehicle, given they are in such environments). Automating this process of linking Global Positioning System (GPS) data and date/time stamps can mitigate labor-intensive judgments based on video data.
Drivers with obstructive sleep apnea (OSA) tend to have higher risk of motor vehicle crashes than drivers without OSA (Tregear et al, 2009 ). The added risk likely depends on OSA severity, compliance to treatment, and self-awareness of sleepiness (Engleman et al, 1997) . We have been studying these issues in OSA drivers and controls. Our goals include comparing driving abilities and exposure strategies between groups, and evaluating how cognitive factors, measures of sleepiness, and treatment compliance relate to driving performance and strategies within the OSA group. This report summarizes and compares exposure strategies in OSA drivers and controls, by linking GPS data to Geographic Information System (GIS) maps and geocoded home addresses; using weather data from the national weather service; and using data/time stamps to determine natural lighting conditions.
METHOD

Subjects and study overview
The subjects in this report are 80 drivers with OSA and 48 comparison drivers, ages 30-60 years. All have at least 10 years of driving experience, use a single car as their primary vehicle (at least 90% of driving time), and drive at least 2 hours or 100 miles/week on average. All demographic characteristics were assessed at baseline. For this report, we focus on driving in the state of Iowa, where most of our drivers live, and where GIS data appears to be of greater availability than in surrounding states. We limit our main analyses to the first two weeks (out of ~3.5 months) of driving, as our OSA subjects typically began treatment for OSA after two weeks and we aimed to compare untreated OSA drivers to controls. The study was approved by the University of Iowa Institutional Review Board for Human Subjects Protection.
Driving monitoring and initial data preparation
Driving data were collected via electronic, video, and GPS outputs from a state-of-the-art instrumentation package installed in each participant's vehicle (McDonald et al, 2012 ) over a continuous 3.5-month period. For each trip, a 10-Hz file was created and uploaded with information pulled from the OBD2 port and from the accelerometers present in the installed device, and a 1-Hz file was created with GPS coordinate information. These two types of files were merged into one large comma-separated-value (CSV) text dataset per trip, and then concatenated into one dataset per subject. The amount of data collected, in terms of number of days, number of trips, rows of data, and data file size, varied from subject to subject.
As explained in our previous work (Dawson et al, 2015) , each subject's 25-variable, 10-Hz data file was reduced to an eight-variable, 1-Hz file. These eight variable included GPS coordinates (latitude and longitude), a measure of GPS signal quality, a date/time stamp, and identification variables. Hence, the number of rows were reduced by 90%, and the number of columns by 68%, resulting in datasets mostly in the 10-40 Mb range.
Merging into GIS and other systems
In preparing to import these data into GIS software and databases, we first gave each data point a unique ID based on the driver ID and the observation count fields so it could be consistently referenced and tied back to the source data, and then eliminated data with null GPS information.
The remaining data were imported into a GIS, specifically ArcGIS 10.3 (ESRI 2013) , and converted to a spatially explicit geodatabase feature. Next, clearly incorrect GPS information (e.g., coordinates outside of North America or unrelated to any drive path) were eliminated.
The GIS work was done in two programs: ArcMap (ArcGIS 10.1, ESRI 2013) and ArcGIS Pro (ESRI 2014). For consistency, efficiency, and accuracy, a workflow was created in ArcGIS ModelBuilder and saved as an automation tool. This tool was run on each subsequent dataset.
Road environment data curated by the state of Iowa are almost exclusively available as centerlines, or line vector data. Attributes that were determined to be of potential impact to a driver's decision-making process or abilities were parsed from statewide datasets (http://www.iowadot.gov/gis/downloads/zipped_files/GIMS_History/Statewide/). Due to a limit in the precision of our GPS, we buffered each road by 2 feet and used the Snap tool to overlay GPS points on the closest buffered road centerline. We then used the Spatial Join tool to connect the appropriate values of each underlying road layer to the GPS points.
The resulting datasets contained 70 new variables pertaining to road culture, including information on speed limit, 911-based street names, road surface type, etc. Hence, these datasets were roughly 10 times the size of the eight-variable datasets that were imported into the GIS software. The Iowa DOT of the state provided data dictionaries to aid in interpreting the values of the field. The processed data were then merged back into the original 25-variable files to be available for future formal analyses.
For this report, we analyzed six road environment factors that were of interest and appeared to be of reasonable completeness. Some potential variables of interest were eliminated based on suggestions from the DOT of purported reliable. Other variables were eliminated from consideration based on preliminary validation results based on video data. After eliminating such variables, we chose to examine the following:
Speed limit (in MPH) Number of lanes (both directions) Average annual daily traffic Road system (Interstate, US Route, State Route, etc.) Area type (Residential, rural, etc.) Terrain (Flat, Rolling, Hilly) Weather data came from an archive of the National Climactic Data Center's Automated Surface Observing System, (http://mesonet.agron.iastate.edu/ASOS/) maintained by Iowa State University. The weather data contained minute-to-minute observations generated from eighteen weather stations across the state of Iowa. We considered any of the following responses in the precipitation type variable as indicative of precipitation: R, R-, R+, S, S-, S+, or P.
Lighting condition data were composed of sunrise, sunset, civil twilight start, and civil twilight end times. Civil twilight is defined as when the center of the Sun is geometrically 6 degrees or less below the horizon. In the morning, twilight is the time between dawn and sunrise (approximately 30 minutes in Iowa); in the evening, twilight is the time between sunset and dusk (again, approximately 30 minutes). Using Iowa City, IA, as a reference point, these variables were downloaded from the United States Naval Observatory website (http://aa.usno.navy.mil/data/docs/RS_OneDay.php) and then used to categorize twilight, daylight, and nighttime categories of the lighting condition factor.
Home addresses were geocoded with the U.S. Census Bureau Geocoder (https://geocoding.geo.census.gov/) using the public address ranges current benchmark. Straight line distance between the home address and location while driving was subsequently calculated using the haversine formula.
Statistical analyses
Mean and standard deviation or count and percentage were calculated for each of the demographic characteristics as appropriate. OSA drivers and controls were compared using twosample t-tests, the Wilcoxon rank-sum test (a.k.a., Mann-Whitney U tests), or Fisher's exact test.
For each driver, we calculated the number of drives, the number of days of observation (up to 14), the total drive time (in hours), and the mean length per drive (in minutes). For each category of each factor of interest (six road environment variables, precipitation, time of day category, and distance from home), we calculated the proportion of time that each subject drove in those conditions. For example, if a subject drove a total of 20 hours in the first 14 days, and 3 of those hours were on an interstate, then the "Interstate" category of the "Road System" factor would have a value of 0.15 for that driver.
Once the data were reduced to one summary per driver for each variable category, we calculated means, standard deviations, and medians as descriptive statistics. We then compared OSA drivers to controls using two-sample t-tests or Wilcoxon rank sum tests, depending on whether the distribution of proportions appeared to be reasonable normal. Table 1 , the OSA driver group did not differ from the control driver group in terms of age, gender, or Hispanic ethnicity, but were significantly different in terms of race and education. More OSA drivers identified as African American/Black than controls, while more controls identified as Other. Additionally, OSA drivers were overall less educated than controls.
RESULTS
As detailed in
In the entire course of the study, our 80 OSA drivers and 48 controls had a total of 45,019 drives and 9,701.9 hours of driving in the state of Iowa. In the first 14 days of the study (our focus), the OSA drivers had 4,277 total drives and the controls had 2,751 total drives. As can be seen in Table 2 , the distribution of number of drives per subject, duration of subject observation, total drive time, and mean length of drive were similar between the two groups of drivers.
The comparisons of our nine factors of interest (35 total variables) can be seen in Table 3 . The majority of comparisons showed similar distributions between the two groups. Five of the nine factors had no significant or near-significant differences at all, namely, speed limit, road system, terrain, precipitation, and distance from home. There were four variables where there appeared to be differences (p<0.05). OSA drivers spent more time proportionally on roads with annual traffic counts of 500-10,000, and less time proportionally on roads that had 6 or more lanes, on roads with annual traffic counts of 10,000-25,000, and driving during twilight. There were also two variables of near-statistical significance (0.05<p<0.10), suggesting that OSA drivers may have driven less in fringe business districts or rural areas. 
DISCUSSION
Overall, the patterns of driving in OSA subjects were similar to those of drivers without OSA. Among the 35 comparisons involving our 9 factors of interest, we found four significant differences, somewhat higher than the 1.75 expected number of false positive findings (Type I errors) if all of null hypotheses were true (i.e., 35 x 5% = 1.75). Hence, there appear to be actual differences between the two groups, albeit few. The total number of drives and the length of drives were similar in the two groups. Thus, untreated OSA drivers in this study appear to have similar exposures as controls and may not be making large strategic adjustments in their driving.
Our study has a number of limitations. First, we were limited by the accuracy and precision of the GIS and weather databases, as well as our GPS devices. Second, we only used one location for information on sunrise, sunset, and twilight, which would lead to misclassifications when the vehicles are in locations far from this location. Third, there may be other factors of interest, such as road curvature, which have not yet been obtained or analyzed. Finally, we did not incorporate multiple residential addresses or work addresses in our analyses.
Future analyses of these data include examining trends of weekend vs. weekday driving, driving during rush hours, and seasonal effects. We will also test if CPAP treatment of OSA drivers affects the factors we examined in this study. We are in the process of validating key factors of interest using video clips available in this study. Ultimately, we will adjust for the contextualization variables when we measure how driving safety and performance are affected by disease status, treatment, and cognitive factors. Thus, we will be able to measure exposure in meaningful new ways, to better understand person-level factors, exposure, and driving behavior.
We are applying these methods to an ongoing study of healthy elderly drivers. This new study has drivers who drive more in the western part of Iowa as well as in other states. Of note, the amount and quality of data pertaining to road characteristics varies greatly across states. This issue results in great challenges when analyzing multi-state naturalistic data. For certain factors, such as lighting condition, road type, and speed limit, it may be possible to use high-definition video and computer vision algorithms to classify road segments in a more automated manner.
